Abstract-The inter-event time (IET) is sometimes used as a basis for prediction of large earthquakes. It is the case when theoretical analysis of prediction is possible. Quite recently, a specific IET model was suggested for dynamic probabilistic prediction of M ! 5:5 events in Italy (http://earthquake.bo.ingv.it). In this study we analyze some aspects of the statistical estimation of the model and its predictive ability. We find that more or less effective prediction is possible within four out of 34 seismotectonic zones where seismicity rate or clustering of events is relatively high. We show that, in the framework of the model, one can suggest a simple zone-independent strategy, which practically optimizes the relative number of non-accidental successes, or the Hanssen-Kuiper (HK) skill score. This quasi-optimal strategy declares alarm in a zone for the first 2.67 years just after the occurrence of each large event in the zone. The optimal HK skill score values are about 26 % for the three most active zones, and 2-10 % for the 26 least active zones. However, the number of false alarm time intervals per one event in each of the zones is unusually high: about 0.7 and 0.8-0.95, respectively. Both these theoretical estimations are important because any prospective testing of the model is unrealistic in most of the zones during a reasonable time. This particular analysis requires a discussion of the following issues of general interest: a specific approach to the analysis of predictions vs. the standard CSEP testing approach; prediction vs. forecasting; HK skill score vs. probability gain; the total forecast error diagram and connected false alarms.
Introduction
A sequence of large earthquakes in a region is often considered a renewal process, viz., inter-event times are assumed to be independent random variables with a distribution function F(t), t [ 0. If the distribution is not exponential (the case of a nonPoissonian process), the model may possess nontrivial predictive ability. The issue was discussed by MOLCHAN (1990 MOLCHAN ( , 1991 MOLCHAN ( , 1997 MOLCHAN ( , 2003 in a framework of the general theory of prediction optimization. There are some points to recall. The structure of optimal prediction for a renewal process is very simple when we measure the quality of prediction by a loss function, uðn; sÞ increasing in both arguments: the relative number of failures-to-predict, n, and the relative alarm time, s. The minimum of the measure u ¼ maxðn; sÞ weakly depends on the type of distribution F (Weibull, Gamma, or log-normal), when the coefficient of variation I, i.e., the ratio of the standard error r F to the mean m F is fixed. For example, assuming I\0:6 (the realistic case for characteristic earthquakes on the San Andreas fault), one has u 0:35: The meaning of this relation is the following: the total alarm duration of 35 % yields 35 % of accidental successes and ! 30 % of nonaccidental ones (i.e., 1 À n À s). Similar prediction characteristics (32, 23 %) vs. the previous one (35, ! 30 %) take place for the essentially more complicated M8-algorithm in the real-time prediction of M ¼ 8:0 Ä 8:5 earthquakes worldwide (MOLCHAN and ROMASHKOVA 2010) .
To predict characteristic earthquakes on the San Andreas fault, the WORKING GROUP ON CALIFORNIA EARTHQUAKE PROBABILITIES (1988) used the renewal model with F that is specific to the fault segment concerned. In this case, one deals with the multirenewal model such that all F belong to the log-normal family of distributions and differ by the parameters m F , r F . The choice of the distribution type for large earthquakes is a serious problem because of scarcity of our knowledge relative to the behavior of F at large t.
To overcome the difficulty, FAENZA et al. (2003) draw attention to the Cox proportional-hazards regression model (KALBFLEISCH and PRENTICE 2003) where the problem of the F-model including the tail behavior is solved empirically. The Cox model adapted to the forecasting of M ! 5:5 events in Italy supposes the renewal property in each of 34 zones with a zonespecific distribution F i . In order to achieve efficiency in the estimation of fF i g, the renewal processes in different zones are assumed to be independent, and the survival functions, 1 À F i ðtÞ, belong to the one-parametric (Lehmann) family:
The unknown basic distribution F 0 and exponents j i are fitted using the real data.
This model is specified in CINTI et al. (2004) and is used for dynamic probabilistic prediction in Italy (http://earthquake.bo.ingv.it).
The goal of our study is:
-To investigate the predictive ability of the multirenewal model assuming it to be true; -To discuss some statistical aspects of the model (1), in particular, the role of regionalization in the model, since the zone portioning is not unique.
The analysis of the first point is based on MOLCHAN and KEILIS-BOROK (2008) and on MOLCHAN (2010) where the space-time prediction problem is discussed in detail.
Background
This study is based on a general approach to optimization of earthquake prediction. The main results and history comments are described in detail in a series of papers by MOLCHAN (1997 MOLCHAN ( , 2002 MOLCHAN ( , 2010 . Below we recall the relevant notions and facts.
Time Prediction
Target events (object for prediction in a region) are considered as a random point process dNðtÞ; where NðtÞ is number of events in the time interval ð0; tÞ: A prediction strategy p ¼ fpðtÞg consists of a sequence of decisions on alarms during ðt; t þ dtÞ: pðtÞ ¼ 1 means ''yes'' whereas pðtÞ ¼ 0 means ''no''. The occurrence of a target event during an alarm is termed a success.
Each decision is based on prediction information JðtÞ available at the moment t. In theoretical considerations the triplet fdNðtÞ; JðtÞ; pðtÞg is considered as a stationary object.
The introduction of a prediction goal gives a possibility for comparison of the strategies. The simplest way to choose a goal function, at least at the research stage, is based on two prediction errors ðn; sÞ: The first one, n, is the rate of failures-to-predict (the number of missed events during period T divided by NðTÞ; T ) 1); the second one, s, is the rate of time alarms related to the period T ) 1.
The prediction goal can be formulated as minimization of some function u ¼ uðn; sÞ, increasing in both arguments. In addition, we suppose that the level sets fu hg are convex. The typical examples of u are maxðn; sÞ; n þ s, or s=ð1 À nÞ.
For u ¼ uðn; sÞ, there is effective description of the optimal strategies. To this end we introduce the error diagram C. Let us consider all strategies p based on the information J. Their errorsp ¼ ðn; sÞ p form a subset E ¼ fpg of unit square: 0 n; s 1 and include the diagonal D ¼ fn þ s ¼ 1g. In fact, due to a stationary state, any random strategy with a rate of alarm s guaranties the rate of successes 1 À n ¼ s. Therefore, the diagonal corresponds to the trivial strategies (random guesses). In addition, the positive quantity
gives the expected number of events whose prediction is not accidental. For this reason HK can be considered a measure of efficiency for the prediction strategy in hand.
The set E ¼ fpg is convex. The following simple observation supports this fact: using strategies p 1 and p 2 with frequencies p and 1 À p, respectively, we get a new strategy with errorsp ¼ pp 1 þ ð1 À pÞp 2 . It is the property of convexity.
The error/ðn; sÞ diagram U is the boundary of E, more exactly its part belonging to zone fn þ s 1g. The diagram inherits the convexity property from E (see examples of the diagram later on Fig. 2) . Because of the convexity of level setsfu hg and E, the minimum value of u ¼ uðn; sÞ on E is reached at pointðn; sÞ u 2 C. It is the point where a level set fu hg touches E. In other words, all optimal strategies belong to the error diagram. It means that the diagram characterizes predictive ability of the information J ¼ fJðtÞg.
If U is given by a relation nðsÞ, then 1 À nðsÞ curve is known as the relative operating characteristic (SWETS 1973) . This notion comes from the theory of testing of simple statistical hypotheses. For the interpretation of U in these terms, see MOLCHAN and KEILIS-BOROK (2008) .
The optimal strategy for u ¼ uðn; sÞ can be described as follows (MOLCHAN 1997) . Consider the hazard function hðtÞ, i.e. the condition rate of a target event at moment t given J(t):
Then the optimal strategy is
Here ½A is the logical function, i.e. ½A = 1, if A is true, and = 0 otherwise; k is the rate of target events, and p u is slope of common tangent to U and fu hg at the point of their contact. In particular,
If we maximize the Hanssen-Kuiper skill score (2), p u ¼ 1 because 1 À HK ¼ n þ s:
Renewal Process, NðtÞ
All ingredients of the optimization, i.e. hazard function and error diagram, can be found if:
-Inter-event times are independent and have common distribution FðtÞ; -The prediction information JðtÞ is the time elapsed since the last event on half-axes ðÀ1; tÞ.
By (3), the hazard function hðtÞ given JðtÞ ¼ s is
(For simplicity, we use here notation hðsÞ instead of hðt JðtÞ ¼ s j Þ).
The rate of target events for the renewal process is (DALEY and VERE-JONES 1988) . Finally, the error diagram is represented in the parametric form as follows:
where the parameter p is the hazard threshold p ¼ kp u for the optimal strategy (4), i.e. pðsÞ ¼ ½hðsÞ ! p. Formulas (8, 9) follow immediately from the optimal property of strategies (4). In fact, the errors (nðpÞ; sðpÞ) of pðsÞ ¼ ½hðsÞ [ p belong to U for any p C 0. To find (8), we use the following fact: nðpÞ is the probability to miss an event given that the previous one occur at t 0 ¼ 0. Therefore
Similarly, sðpÞ is the probability of alarm at moment t if we use strategy (4). Therefore,
where (DALEY and VERE-JONES 1988) .
Formulas (8, 9) have been rediscovered many times in physical applications. In the framework of an earthquake prediction model they probably were first given in MOLCHAN (1990) .
Space-Time Prediction
A generalization of the previous facts on the space-time prediction case is considered in MOLCHAN Vol. 171, (2014) Multi-Renewal Model: Forecasting Ability 2341
(2010). Here we give some comments to the multirenewal model. In this case -The space is divided into zones, G ¼ S G i ; -The target events in different zones are independent; -The process in each zone follows a renewal model with distribution F i and rate k i .
The function (2) is still an exact measure of efficiency if ðn; sÞ ¼ ðn R ; s R Þ, where
and ðn i ; s i Þ are the errors of prediction in G i . The efficiency becomes the highest if the alarm rule (4) is applied in each zone with p u ¼ 1 and specific characteristics h i ðsÞ, k i .
Forecasting and Forecasting Ability
The structure of the optimal strategy, pðtÞ ¼ ½hðtÞ [ kp u , illustrates well the difference between ''forecast'' and ''prediction'' terms. In the first case we estimate only the probability, p, of target event in a space-time volume G i Â Dt given information JðtÞ (p % hðtÞDt, if Dt ( 1). Thereby we introduce a common probabilistic hazard scale, p for whole space. In prediction, we deal with the logical conclusions; they are based on a relative probabilistic scale because the hazard threshold p / k i p u depends on space and goal.
To define the forecasting ability of a multirenewal model, we consider a standardized alarm rule, viz.,
in contrast to the HK optimal rule (4), where p ¼ k i . Strategy (11) is characterized by the total error forecast diagram C f ¼ fðn R ðpÞ; s R ðpÞÞ; p [ 0g, where
and n i ðpÞ; s i ðpÞ are determined by (8, 9) with F ¼ F i . This diagram is not convex in contrast to one's zonal analogue.
Connected Alarms
Suppose that the alarm time set within an interevent time is a collection of isolated intervals. Any interval that does not culminate in a target event is considered a ''false (connected) alarm''. The number of the false alarm intervals per one event, n A , is of interest for applications. It is easy to derive n A for any renewal model. The simplest solution that will be interesting later on is as follows:
If h i ðsÞ is unbounded at 0 and has U-shape (more precisely, any set fs : h i ðsÞ\pg is an interval ða 
For the multi-renewal model one has
provided that the connected alarms in different zones are calculated separately.
The Multi-Renewal Model for Italy

The Model
According to CINTI et al. (2004) , the seismoactive area of Italy is divided into 34 tectonically uniform zones (Fig. 1) ; the distributions F i in these zones are estimated from the assumption of proportionality of the hazard functions: h i ðsÞ ¼ j i h 0 ðsÞ [see (1, 6)], using the inter-event time data represented in Table 1 . 
in the form of an empirical curve e : flnðs À1 R s 0 h 0 ðuÞduÞ vs. ln s= ln 10g. The plot of efÁg is linear with a negative slope up to s ¼ t þ and degenerates to the 0-line, e ¼ 0 for s ! t þ . Hence, we have approximately
where c % 0:8 and t þ % 10 1:3 % 20 years. By (16), the hazard functions h i ðsÞ ¼ j i h 0 ðsÞ are U-shaped; the sets fs: h i ðsÞ\pg are unbounded for p [ j i . Therefore, the previous statement about connected alarms is applicable to the Italian multirenewal model. In particular,
3.2. Interpretation of ðc; j i Þ Let us compare (16) with the analogous characteristic for a Poisson cluster model considered in MOLCHAN (2012) . This model consists of main events (a Poisson process of rate k Ã ) and independent clusters (not necessarily Poissonian). Cluster events follow main ones with a rate k cl (t) that is unbounded at 0. In these conditions we have the following asymptotic expressions for the inter-event time distribution F: 1 À FðtÞ / expfÀk Ã tg at large times, and hðtÞ / k cl ðtÞ at small times. These expressions are in agreement with (1, 16) 
Aftershock sequence is a typical example of a cluster with the model rate k cl ðtÞ ¼ ct Àp ; t [ t 0 (Omori law). Therefore, we can interpret j i as the rate of ''main'' events, and c as the ''Omori law'' parameter.
Parameters j i
Formula (7) can be used to relate the unknown parameter j i with the rate of target events in zone G i :
Using (16) and the notationx i ¼ k i t þ , one has the following equation in x ¼ j i t þ : 
or x=x i ¼ " cx 1À" c Cðxj" cÞ þ e Àx , where " c ¼ ð1 À cÞ
À1
and CðxjaÞ ¼ R x 0 u aÀ1 e Àu du is the incomplete Gamma function. Equation (19) has a unique solution. Hence, model (1) implies the identical seismic regime of target events in the zones with equal rates k i .
The right hand part of (19) is a decreasing function of c, 0\c\1, and is equal to 1 at c ¼ 0. Hence, x=x i 1 or j i \k i . This relation appears very natural when j i is interpreted as the rate of ''main'' events in G i .
By (19), x i =x i $ 1, ifx i ¼ k i t þ is small; more precisely
Combining the inequality k i [ j i with (17), where p ¼ k i , we conclude that the relative number of failures-to-predict n and the relative number of false connected alarms n A are equal for the HK optimal strategy in G ¼ S G i .
Error Diagrams
Using (8, 9) we can specify the error diagrams for the Italian multi-renewal model (1, 15) ; (see ''Appendix 1'').
Quasi-Optimal Strategy
The By (5) , this rule is optimal relative to uðn; sÞ ¼ n þ ðj i =k i Þs. For the Italian data, one has j i =k i % 1 (see Table 2 ). Therefore, we may expect that strategy (11) with p ¼ j i is almost HK optimal.
From the practical point of view, the set A = {s: h i ðsÞ ! j i } = {s: h 0 ðsÞ ! 1} is unstable because h 0 ðsÞ ¼ 1 for any s ! t þ . Therefore, along with A we consider the following family of sets
The prediction errors for the alarm rules based on A c ; 0\c\1 are represented in the ðn; sÞ diagram (Fig. 2) by a linear segment which connects the errorpoints related to A 0 (left) and A 1 (right). Because F i ðsÞ, s [ t þ is exponential, any prediction in the time zone s [ t þ is like a random guessing. Therefore, A 0 is the most effective alarm rule among {A c }. Hereafter A 0 will be treated as the quasi-HK optimal alarm. For the Italian model (see Table 2 ), one has x i =x i ¼ 0:9 À 1:0; t À ¼ 2:67 years if c ¼ 0:8 and t þ ¼ 20 years. In addition, k i t À ¼ 0:01 À 0:1, i.e., the alarm duration of the quasi-HK optimal strategy is very short relative to the expected value of the interevent time, 1=k i .
Numerical Results
Data and Parameters
The statistical estimation of multi-renewal model (1) for Italy (CINTI et al. 2004 ) is based on the historical/instrumental data for the period T = 1,600-2,003 (Table 1) , where one has 136 events of magnitude ! 5.5, and on a seismotectonic zonation of Italy resulting in 34 active zones (Fig. 1) . To reproduce the basic survival function 1 À F 0 ðsÞ given in Fig. 3 
where N i ðTÞ is the number of target events in the i-th zone during the period T ¼ 404 years. The rate k defines uniquely the modelled seismic regime in a zone and, therefore, it is the key parameter in our analysis. The following indicates the statistical uncertainty of fk i g. The 34 zones can be represented by three groups (A, B, C) depending on their seismic activity ( Fig. 1; Table 1 ). By Table 3 , 26 out of 34 zones have only one event per 100 or more years. For the most active zones (group A), we can involve small events to compare N i ðTÞ with their estimatesN i ðTÞ based on instrumental data only and the Gutenberg-Richter law. For that we use events M ! 2 from the catalogue CSI1.1 (http://csi.rm.ingv.it) for the period 1985-2002 (for analysis of the catalog see RO-MASHKOVA and PERESAN 2013). As a result one has Table 4 . Tables 3, 4 show that the problem of estimating k i exists for the most zones.
The uncertainty of {k i } is beyond the scope of our further consideration because of two reasons: (1) the operating forecast for Italy does not take into account uncertainty of the multi-renewal model, and (2) we investigate the predictive ability of the model assuming it to be true. Error diagrams for the Italian seismoactive zones. L straight line given by the equation 1 À n ¼ 5s. A, B, C correspond to the considered groups of the zones. The diagrams of each group are ordered on the plot from the bottom upwards: A {2, 1, 3}, B {8, 4, 5, (6, 7)}, C {(9, 10, 21), (11-20, 22-26), 29, (27, 28, 30-34 )}, where, e.g., (6, 7) means that the zones 6 and 7 have the same diagram By Table 3 , there is practically no chance for testing the model in most zones during a reasonable time. Fortunately, we have a rare opportunity for a theoretical analysis of the prediction. Table 2 shows the zonal errors ðn i ; s i Þ of the HK optimal strategy and the corresponding efficiency HK i ¼ 1 À n i À s i . This data can be summarized by Table 5 .
Prediction Efficiency in the Zones
Approximately, HK i is proportional to k i , namely, HK i =k i t þ % q, where q ¼ 0:4 for group A, and q ¼ 0:5 for B and C. On the whole, most zones (31 out of 34) have both low rates k i and low efficiencies HK i .
To clarify this observation, note that the errors of the HK optimal and the quasi-HK optimal strategies are the same within two significant digits. Therefore, it is easier to operate with the quasi-optimal strategy. We recall the corresponding alarm rule: in the zone of interest, the alarm starts immediately after a target event and is continued during t À ¼ 2:67 years only; in any case, the current alarm is stopped by the next event.
Because k i t À are small, the maximum efficiency is reached by successful prediction of secondary events in clusters only. The clustering is not typical for zone of low rate k i ; therefore, the efficiency has to be low too. Table 5 contains the following zonal characteristics: n, relative number of failure-to-predict and n A , relative number of false connected alarms. They are equal and unusually high: n ¼ n A = 70 À 90 % because the long seismic gaps ([20 years) are not infrequent in the model and any prediction of an event during this period is not effective. Figure 2 shows zonal error diagrams. Each curve contains the linear segment that represent the strategies whose alarm sets are: A c ¼ ðo; t À Þ S ðt þ ; t þ þ cÞ, c ! 0. The left hand ends of the segments correspond to the quasi-HK optimal strategies; they line up according to: ð1 À nÞ=s % ð1 À cÞ À1 . (This equality is strict for the limit rate k i = 0). The quantity ð1 À nÞ=s is known as the probability gain skill score, PG, and it is quite often used for comparison of prediction methods (see, e.g., JORDAN et al. 2011) . In the present case, PG is high and weakly depends on the zone: 5.7-5.8 (group A) and 5.1-5.2 (group C); see Table 2 . On the other hand, the zonal error diagrams for these groups are quite different. In the limiting case, k ( 1; PG = 5, whereas the error diagram is trivial: n þ s ¼ 1.
Hence, we have a real example in which PG skill score is non-effective to compare the predictive ability of the model in different zones. The high PG values mean only that a short alarm after any large event can be useful to predict next large aftershock in the same zone. But this utility highly depends on the rate of main events.
To avoid confusion, note that the probability gain term is used in two ways: (1) as a time dependent quantity to characterize the hazard locally and (2) as a ''cumulative'' quantity (skill score) to characterize a prediction strategy as a whole. The local PG is the effective base to optimize the predictions, see (4), where the optimal local decision pðtÞ ¼ ½hðtÞ [ kp u is based on local PG ¼ hðtÞ=k. Table 6 shows the prediction characteristics (HK R and n R ) of the HK-optimal strategy for the different groups of zones A, A ? B and A ? B ? C.
Total Prediction Efficiency
The theoretical prediction of the miss rate n R is more optimistic than the empirical one,n R . The estimaten R is based on the data for the period T ¼ 404 years and corresponds to the alarm window (0, t À ). Probably, the divergence between n R andn R is a result of aftershock dependence because the estimateŝ n R are equal for any t À = 0.5-4 years. This effect is shown after the model fitting and is more evident in group A which contains 50 % of the aftershocks in the catalogue. (29)]. Therefore, the total score HK R can distort the predictive ability of the model in the zones with extreme HK-values. For example, the typical HK-values are 23-29 % for the zones of group A and 2-7 % for group C, whereas HK R = 15 % for all zones together. In other words, the zones of low activity act as noise when we characterise the prediction ability of the model as a whole. Figure 3 shows the main prediction characteristics (n R ðpÞ; s R ðpÞ, HK R ðpÞ) for the forecasting strategy {h i ðsÞ [ p} in A, A ? B, and A ? B ? C. Instead of p we use the following log-scale: J ¼ log 2 p þ 10. The zonal error diagrams for elements of the group A are similar. Therefore, the total prediction characteristics of the group A represent the individual zones as well. In cases of A ? B and A ? B ? C the characteristics show again the noise influence of low rate zones.
Discussion
Fitting of the Multi-Renewal Model
We consider here the key elements of the statistical estimation of the seismicity model (1, 16). Figure 3 Prediction characteristics: a HK R ðpÞ, b n R ðpÞ, c s R ðpÞ vs. J ¼ log 2 p þ 10 (hazard level) for forecasting strategy (11) in three groups of zones.
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Regionalization (Decomposition of the Region into Homogenous Tectonic Zones)
Generally, this procedure is not uniquely defined. Moreover, it is poorly compatible with property of independence of target events in the zones. To illustrate this, suppose that we wish to refine the original regionalization by subdividing a zone G 0 into two parts, G 01 and G 02 [compare e.g. CINTI et al. (2004), and MARZOCCHI (2010) ]. The original zoning assumes the events to occur according to a renewal model. The new zoning will again assume at least that the events in G 01 ; G 02 are independent. Then, given some minimal regularity conditions, the recurrence of target events in G 01 can also be a renewal process if and only if the events in G 01 are Poissonian (DALEY and VERE-JONES 1988, p. 79) . In short, the assumption of the renewal property for the occurrence of events in an area and in its sub-parts is not self-contradictory for the Poisson model only.
Combining two zones with independent (nonPoissonian) renewal processes, the originally independent inter-event times of one zone are split by events from another zone into dependent parts, thereby violating the condition for their independence. The hazard function hðsÞ will then be overestimated for small s due to larger numbers of small intervals. On the contrary, a splitting of the process into two sequences leads to an opposite effect, a smaller hazard function for small s.
The Independence of Inter-Event Times
The property of independence between events in different zones does not influence the efficiency of prediction HK. However, the assumption of independence for the population of the past inter-event times is the key element for estimating the basic hazard function and, therefore, it affects the forecasting probabilities as a whole.
The Proportionality of Hazard Functions (PHF)
From the statistical point of view, the PHF assumption can distort the distribution of inter-event intervals, because the basic hazard function for small times is generated by a small number of active zones, whereas for moderately large times it is generated by a large number of zones with low seismicity and poor clustering. The PHF implies the equality of hazard functions in zones with identical rates of target events independently of the tectonics involved. This fact has the following consequence.
Regression in the Proportional Hazard (PH) Model
The PH model allows reducing the number of unknown parameters by using the following regression CINTI et al. (2004) use the following z-components: z 0 , log-rate of the main target events (the term ''main'' is related to the time-space aftershock window: 3 months Â 30 Â 30 km), z 1 , prevalent stress regime, z 2 , homogeneity of the stress orientation, z 3 , fault index, z 4 , topographic homogeneity.
Regression (23) makes sense in case of large number of zones, N j ) m. However, scarcity of data is a serious obstacle for application of regression (23) because the number of significantly different estimates of k in the zones, N k , is small. Indeed, by (19), ln j is a function of k. Therefore, the requirement m ( N k is more reasonable than m ( N j . The estimate of N k comes from Table 2 : N k \10. The zones without aftershocks during period T have equal point estimates of k and z 0 . Therefore, for such zones, one has
If the matrix of linear system (24) has rank m, then, obviously, ðb 1 ; . . .; b m Þ ¼ 0.
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following groups [11] [12] [13] [14] [15] [16] [17] [18] [19] [20] [22] [23] [24] [30] [31] [32] [33] [34] system (24) contains at least 18 independent equations relative to m ¼ 4 unknown parameters. It is enough to conclude that regression (23) 
Forecasting or Prediction?
There are too many aspects of the question to be uniquely answered. Formally, the probability p i ðt D j Þ of a target event in a space-time volume G i Â D can be transformed into prediction (0-1 expression) by fixing a threshold p 0 i . In reality, we have to restrict ourselves in case of large event predictions by few thresholds because of scantiness of learning data. To guarantee a reliability of prediction statements, the choice of the thresholds has to be realized at the research stage but not at the operational one (see for comparison JORDAN et al. 2011) . Hence, a prediction algorithm for large events can be considered a forced restriction of the corresponding forecasting method.
The choice of the thresholds {p The information fp i ðt D j Þg, which cannot be reliable enough, is important during the testing stage of a forecasting method and must be completed by a goal function at the application stage. We recall the history of taking decision in favor of the Parkfield experiment in 1988 to predict a characteristic event on the San Andreas fault. Using the multi-renewal model with the log-normal distribution, the WORKING GROUP ON CALIFORNIA EARTHQUAKE PROBABILITIES (1988) found for eight fault segments the probability of a characteristic event during the period D ¼ , namely, 90 % in Parkfield vs. \40 % for the other segments. According to this approach, the Parkfield segment turned out to be permanently the most hazardous. On the other hand, according to the HK-optimal prediction, five of the eight fault segments should be in a state of permanent alert after 1988. The collision was owing to the choice of a common threshold and the long range prediction horizon D = 30 years. The relative value of the horizon, k i D, is large for Parkfield (1.5) and very small for the other faults (0.1-0.2). In such case, the probability of a target event is highest for Parkfield a priori (see more in MOLCHAN 2003) . A similar effect we can see on the probability map by CINTI et al. (2004) for M ! 5:5 in Italy for the next 10 years.
Conclusion
Accepting a multi-renewal model for prediction purposes, we have to analyze the predictive ability of the simplest information: the elapsed time since the last target event in zones of interest. The model for Italy includes two reasonable properties of target events: clustering at small time scales and the memoryless property at large time scales ([20 years). As a result, the clustering is the main information basis in the prediction of M ! 5:5 events. This basis is not effective for most zones, 26 out of 34, where only one event occurred in 100 or more years.
To optimize the HK skill score (the relative rate of events predicted not accidentally) it is enough to use the following very simple alarm rule: in any of 34 zones the next target earthquake is expected to occur within t À ¼ 2:67 years starting from the last event in the zone. This rule excludes any additional calculations and ensures (provided that the model is true) the following HK values: *26 % for three most active zones (group A) and 2-10 % for 26 least active zones (group C).
For the C-zones, where the rate of target events is low, 0.0025-0.01, the HK ¼ 10 % means that only one nonrandom success is possible per 1,000-4,000 years. In addition to HK, one can see that the number of false connected alarms per one event in a zone is unusually high: *0.7 (group A) and 0.8-0.95 (group C). In the considered model, the probability gain score is high for all zones (PG = 5-6) and, therefore, unproductive for comparison of predictions.
On the whole, our analysis supports the following conclusion: four out of 34 zones (1-3, 8) are of some interest for testing the model in prediction of M ! 5:5. Any changes in regionalization imply a new statistical estimation of the basic hazard function. In the framework of optimization of the HK skill score, the complicated statistical procedure proposed by CINTI et al. (2004) can be simplified by fitting the alarm window parameter t À only.
The standardized approach to testing of forecasting methods suggested by SCHORLEMMER et al. (2007) is insufficient when we deal with prediction of large earthquakes. Because of the scarcity of target event data, an accurate specific analysis of predictions is required. We follow this line here and in our statistical analysis of M8 algorithm with predictions of M: 8-8.5 events worldwide (MOLCHAN and ROMASHKOVA 2010) .
